Automated methods for the analysis, modeling, and visualization of large-scale scientometric data provide measures that enable the depiction of the state of world scientific development. We aimed to integrate minimum span clustering (MSC) and minimum spanning tree methods to cluster and visualize the global pattern of scientific publications (PSP) by analyzing aggregated Science Citation Index (SCI) data from 1994 to 2011. We hypothesized that PSP clustering is mainly affected by countries' geographic location, ethnicity, and level of economic development, as indicated in previous studies. Our results showed that the 100 countries with the highest rates of publications were decomposed into 12 PSP groups and that countries within a group tended to be geographically proximal, ethnically similar, or comparable in terms of economic status. Hubs and bridging nodes in each knowledge production group were identified. The performance of each group was evaluated across 16 knowledge domains based on their specialization, volume of publications, and relative impact. Awareness of the strengths and weaknesses of each group in various knowledge domains may have useful applications for examining scientific policies, adjusting the allocation of resources, and promoting international collaboration for future developments.
Introduction
The network of global knowledge production is complex. Currently, there are over 7 million researchers worldwide, and the world spends a total combined investment of USD $1 trillion per year on research and development (R&D). Collectively, these efforts have produced valuable knowledge in the form of over 50 million research articles, published in approximately 25,000 separate journals (Jinha, 2010; UNESCO, 2010) . These journal articles form a major component of knowledge, the payoff from scientific research, which could further benefit future research, political and administrative decisions, and industry and economic sectors (Buxton & Hanney, 1996) . To understand this complex network, bibliometric analysis has become an important tool for the description, evaluation, and monitoring of knowledge production on a global scale.
Over the last 20 years, bibliometric national science indicators have reflected radical changes in the international research landscape. Traditionally, the United States, the European Union, and Japan have produced nearly 70% of research publications during this period. In recent years, large developing countries, such as Brazil, Russia, India, China, and South Africa (BRICS), have been catching up in their scientific productivity because of a sharp increase in R&D spending. In a recent study, the world share of gross domestic expenditure on R&D decreased from 74.9% to 68.6% for the triad but increased from 9.0% to 13.8% for BRICS countries between 2002 (UNESCO, 2010 . There is a need to visualize the current trend of knowledge production in this era of change, to investigate the world's research patterns and obtain a panoramic view of global scientific activities.
Earlier studies have evaluated the scientific impact of nations from a wide range of perspectives, largely based on the Science Citation Index (SCI) data set for the periods 1981 -1994 (May, 1997 ) and 1993 -2002 (King, 2004 . The recent SCImago Journal & Country Rank database at http:// www.scimagojr.com/ provides useful information for evaluating the research performance of countries and has gained considerable attention (Cimini, Gabrielli, & Sylos Labini, 2014; Gómez-Núñez, Vargas-Quesada, de Moya-Anegón, & Glänzel, 2011; Guerrero-Bote & Moya-Anegón, 2012) . Such bibliometric studies have driven the steady development of a new scientific field, scientometrics, which measures and analyzes science, technology, and innovation based on bibliometric data. In this article, we propose an automated clustering algorithm for the world's knowledge production network using extracted SCI data and examine key factors in clustering the pattern of scientific publications (PSP).
Related Works
Cluster analysis is the assignment of a set of observations into clusters of components in which each cluster is similar to other components in the same cluster but differs from that of other clusters. Several clustering methods have been developed to address large and heterogeneous collections of systems, including hierarchical clustering (Hastie, Tibshirani, & Friedman, 2008; Ward, 1963) , minimum spanning tree (Gower & Ross, 1969; Paivinen, 2005; Samoylenko, Chao, Liu, & Chen, 2006) , K-means clustering (Hastie et al., 2008; MacQueen, 1967) , and affinity propagation (Chen, 2008; Frey & Dueck, 2007) . However, there exist two crucial obstacles to overcome, that is, user intrusion and excessive computation time for large data sets. For example, the K-means clustering algorithm takes a long time to compute, requires a priori knowledge regarding the number of clusters, and is sensitive to the choice of initial cluster centers. Several algorithms have been proposed to reduce computation time in cluster analysis by using parallel computation techniques or at the cost of the clustering results (Fernandez & Gomez, 2008; Kishida, 2010) . Recently, we developed a minimum span clustering (MSC) method for clustering complex networks. MSC is a simple and efficient algorithm and does not require predetermined inputs on the number or size of the clusters. The validity of MSC results has been tested for several complex networks (Chang & Chen, 2011; Chen & Chang, 2015; Hu, Mai, & Chen, 2015) .
An interesting application of cluster analysis is the clustering of scientific journals. Traditional classification methods are based on subjective analysis, and results may vary from one researcher to another (Glänzel & Schubert, 2003) . The classification system of the Web of Science (WoS), developed by Thomson Reuters, is worthy of discussion. Based on the Journal Citation Reports (JCR), this method uses a heuristic approach to establish categories of journals based on a visual examination of all relevant citation data. To avoid human intervention, various quantitative methods have been proposed to construct a robust classification system of scientific journals using the JCR. For instance, Leydesdorff and Cozzens (1993) use principal component analysis to construct approximated eigenvectors of the scientific network as representations of clusters, and Leydesdorff (2007) further extends this work by focusing more on specific subsets with internal coherence. Cocitation clustering has been used to construct a World Atlas of Sciences (Garfield, Malin, & Small, 1975; Small, 1999) . The accuracy of cocitation clustering has been improved by introducing reference pair proximities as a new variable (Boyack, Small, & Klavans, 2013) . Chen (2008) has also applied the affinity propagation method to cluster scientific networks. Instead of clustering journals, an alternative method has been designed for constructing classification systems at the level of individual publications (Waltman & Eck, 2012) . The accuracy of nine different clustering approaches has been studied by clustering two million biomedical publications with the MEDLINE database (Boyack et al., 2011) . The technique of overlay maps has been used to construct network maps for Science, Social Sciences, and Arts & Humanities Citation Indexes (SCI, SSCI, and A&HCI) (Leydesdorff, Hammarfelt, & Salah, 2011; Rafols, Porter, & Leydesdorff, 2010) . Graph-based data mining has been useful in analyzing and comparing scientific domains (Quirin, Cordón, Vargas-Quesada, & de Moya-Anegón, 2010) . Chang and Chen (2011) have used the MSC method for clustering the social science network, providing an in-depth view of the network structure at various characteristic resolutions. The clustering results of scientific journals from the aforementioned studies are helpful in understanding mutual interactions between various knowledge domains.
The aims of the present work are to investigate the world's scientific endeavors by clustering and visualizing the world's PSP using aggregated SCI data during the period 1994-2011. To understand the cluster patterns of global scientific publications, we tested our hypothesis that the key factors for the observed PSP include geographic location, ethnicity, and the level of economic development, as indicated in previous studies (Kerr, 2008; King, 2004; Pan, Kaski, & Fortunato, 2012) . To depict the scientific specialization and the relative impact of each group of countries, we statistically evaluated its performance by the specialization index, relative impact, and volume of publications in 16 knowledge domains. In the following sections, we describe our methods, results, discussion, and conclusions.
Methods

Data Set Preparations
The network of scientific knowledge is a complex network that is traditionally divided into many domains of knowledge. Although the WoS contains detailed information regarding overall global knowledge production, there is still a notable lack of a general overview of the world's scientific activities in the various knowledge domains. To describe the PSP of a country, we first defined our data set. It would be unreasonable to include all 25,000 journals in this study mainly because of the difficulty in collecting accurate publication data and thus we considered a classified data set of 56 disciplines from 1,905 SCI journals (Chen, 2008) . This data set, which was directly extracted from the CD version of the WoS database in our library archives, spans the period from 1994 to 2011. The 56 disciplines in the data set were further clustered into 16 knowledge domains, as listed in Table 1 , by merging disciplines with higher similarities. A list of journals and knowledge domains in our data set is available in Table S1 of the supplementary information. The multiple domain assignment of journals is not allowed in this study to avoid multiple counting of articles in calculating the specialization index and the relative impact of the knowledge production groups.
After analyzing the WoS database, we decided to consider only the top 100 countries that accumulated 1000 + publications in the 1,905 SCI journals during the period 1994-2011, as shown in Table S2 of the supplementary information. Although we included as many countries as possible, some countries needed to be excluded because of an insufficient number of publications. The choice of system size of 100 countries is nevertheless not rigorous. We note that, in our selected SCI database, the United Kingdom is divided into England, Scotland, Wales, and Northern Ireland, while the former Yugoslavia mainly separates into Slovenia, Croatia, and Serbia. We deliberately keep the SCI data intact to compare their clustering results.
To begin with our study, we derived the global SCI publication matrices {Nik}, which give the number of articles published in a given journal k by country i. The PSP of a country is characterized by a normalized publication matrix (1) and the value of sij ranges from 0 to 1. For mapping and visualization, the similarity was converted into distance so that closely related countries are separated by a short distance and remotely related countries are separated by a longer distance. We express the distance matrix as follows:
where t is the cut-off parameter for distance conversion, and the function max(a, b) chooses the larger value from a and b. When t = 0, the distance between two unrelated countries is infinite, which is not preferred for visualization. To visualize the knowledge production network, we used t = 0.01 to reduce the distortions in the produced minimum spanning tree diagram.
MSC Algorithm
To cluster the scientific knowledge production network, we used the MSC method to decompose the 100 considered countries into several knowledge production groups. Here, we illustrate the MSC process using a 10-component threestep example:
Step 1 (preparation step): We identified the closest neighbor of each country and recorded their pattern distances in a list of ascending order, as shown in Table 2 .
Step 2 (clustering step): The knowledge production groups were constructed by starting from the country pair with the shortest distance, then including additional country pairs from the list in the order of increasing distance. In this example, countries 3 and 4 form the first cluster. This cluster grows by the inclusion of country 2 through its connection with country 3. Countries 1 and 8 then form the second cluster, and countries 6 and 7 form the third cluster. Countries 9 and 10 are added to the first cluster through their connections to countries 4 and 3, respectively. Finally, country 5 is added to the second cluster through its connection to country 8.
Step 3 (renormalization step): Clusters constructed in step 2 are considered as renormalized nodes, and the average distance matrix of these clusters is calculated for all intercluster node pairs between two clusters. The network consisting of these renormalized components is further clustered by steps 1 and 2, and higher levels of clustering with lower resolutions are constructed.
There are four advantages to using MSC for clustering complex networks: First, MSC can efficiently cluster a large network of N components. The rate limiting step of MSC is step 1, which takes N 2 operations to transform a distance matrix to a list of shortest distances between components. The computation time in step 2 (the clustering step) is only proportional to N. By running Matlab codes of various clustering methods on an Asus (Taiwan) desktop computer with an Intel Core i7 CPU and 12 GB of memory, we found that MSC is comparable to hierarchical clustering in efficiency and is much faster than K-means and affinity propagation. For N = 3,000, the computing time is approximately 2-5 seconds for MSC and hierarchical clustering, 30 minutes for K-means, and 8.5 hours for affinity propagation. For N = 10,000, the computing time is less than 1 minute for MSC and hierarchical clustering but longer than 12 hours for K-means and affinity propagation. Second, MSC does not require the experimenter to input the number or size of the clusters, which is generally unknown for most complex systems. In other clustering methods (hierarchical clustering, K-means, and affinity propagation), these values must be inputted, and different input values lead to different clustering results. For large networks, MSC enables the users to view the network structure at various characteristic resolutions. Third, compared to the results of other clustering methods, the MSC clustering results have higher intragroup similarity and lower intergroup similarity in the social science network (Chang & Chen, 2011) , the stock network (Chen & Chang, 2015) , and the protein similarity networks (Hu et al., 2015) . Finally, the MSC clustering algorithm is simple and easy to implement. One possible disadvantage of MSC is that, by default, no outliers are allowed in MSC.
Occasionally, some MSC clusters may contain a remotely related component that reduces their average intracluster similarity. In a modified version of MSC (Hu et al., 2015) , to isolate outliers, we calculate the average distance between clusters from the distance matrix and truncate the list of shortest distances constructed in step 1 of MSC at this distance.
Constructing a Modified Minimum Spanning Tree Diagram
In this study, we used the Kruskal algorithm (Kruskal, 1956) to construct the minimum spanning tree diagram for the world's PSP. The distance array, dij, was first sorted in the order of increasing distance, which was then scanned from the top for connecting countries. A linkage between two countries was added to the seeding graph when no loop was present. A complete minimum spanning tree diagram was constructed using this procedure. We used a dashed line to represent the connection between two MSC clusters and solid lines to represent intracluster connections. To integrate the geographic information of the countries into the constructed minimum spanning tree diagram, we computationally repositioned all 100 nodes with an attempt to preserve dij between connected countries and their relative geographic orientation. Here, the relative geographic orientation of two countries was defined as the relative geographic orientation of their capitals. Specifically, we attempted to minimize the cost function
where the summation encompasses all connected intracluster pairs in the tree diagram (i.e., Ω′), c1 = 1 and c2 = 0. ( ) is the unit vector of their relative geographic orientation on a two-dimensional map beginning at the capital of country a and ending at the capital of country b. In the aforementioned minimization, d(a, b) < 0.1 is forbidden to prevent node overlapping. The final minimum spanning tree diagram was subject to manual inspection and minor modifications. The length of an intracluster connection is roughly proportional to the distance between two nodes, whereas the length of an intercluster connection may be greatly distorted.
Specialization Index Definition
The specialization index (SI) is an indicator of the research intensity of a given cluster in a certain knowledge domain relative to the global research intensity in the same knowledge domain. Thus, when a knowledge production group is more specialized in a particular knowledge domain, it places more emphasis on that knowledge domain at the expense of other knowledge domains. The SI of a knowledge production group X on a knowledge domain S is defined as:
where XS is the number of publications from a knowledge production group X in a given knowledge domain S, XT is the total number of publications from a knowledge production group X, WS is the global number of publications in a given knowledge domain S, and WT is the total number of global publications. When the SI value of a knowledge production group is above 1, the cluster is specialized in a particular knowledge domain, whereas an index value below 1 indicates lack of specialization. A similar index for countries was also defined elsewhere (Glänzel, Leta, & Thijs, 2006) .
Relative Impact Definition
Furthermore, we calculated the relative impact of a knowledge production group on a knowledge domain. The relative impact measures the scientific impact of publications produced by a given knowledge production group based on the average impact factors (IFs) of the journals in which the articles were published. The IF of a journal, as calculated by Thomson Reuters, is the average number of citations received per article published in that journal during the 2 preceding years. Therefore, the calculated average IF for 1,905 SCI journals is the average over the period 1996-2013. The relative impact of a knowledge production group X on a knowledge domain S is defined as:
where X S i is the number of publications in a given journal i of knowledge domain S made by a knowledge production group X, IF i is the average impact factor of journal i, the summation ΣiϵS spans all journals in the knowledge domain S, and the summation ΣX spans all values of X.
Results and Discussion
In Table 3 , we present the MSC results of the 100-country scientific knowledge production network. For this network, MSC identified 12 distinct groups, which were labeled according to the chronological order of their appearance during the MSC process. Group 1 is composed of countries located in the British Isles, as well as the former British colony of New Zealand. Group 2 mainly consists of African countries, and 60% of group 3 members are located in Southeast Asia. The members of group 4 surround the rim of the North Atlantic Ocean, and all members in group 5 are located in Asia. Group 6 consists of Benelux countries and Australia, and group 7 is composed of Estonia and the Nordic countries. Most countries in group 8 are located in Eastern Europe, and group 9 is composed of countries in Latin America. Group 10 contains countries from the former Soviet Union, mainly located in Central Asia and the Caucasus region, whereas the members of group 11 are comprised of post-Soviet Eastern European states. Finally, group 12 contains eight Middle Eastern countries. When we combine England, Scotland, Wales, and Northern Ireland to form a country, the original group 1 is merged into group 4. After performing the renormalization step, groups 1, 4, 6, and 7 form a Western cluster, groups 5, 8, and 11 form an Asia-Eastern Europe cluster, groups 2 and 3 form a developing country cluster, and groups 9, 10, and 12 remain isolated because their distances to other clusters are longer than the calculated truncating distance. The research pattern of the Western cluster focuses more on medicine, health, and psychology, and the research pattern of the Asia-Eastern Europe cluster focuses more on physics, chemistry, and materials science. This observed grouping of PSP is consistent with the previous findings that use activity indexes or country profiles (Glänzel et al., 2006; Schulz & Manganote, 2012) . According to our previous studies on the MSC of various complex networks, this minimum span scheme of the world's knowledge production network tends to maximize the intragroup similarity and minimize the intergroup similarity in PSP. Therefore, although the MSC of PSP may not be the only solution, this result is reasonably appropriate for the pattern recognition and analysis of the knowledge production network based on an automated clustering algorithm. The network can be clustered at various characteristic resolutions. In the following, we further examine our clustering results and use them to test our hypothesis on the dominant factors for the clustering of PSP.
To visualize the MSC results, as a demonstration, we display the country research patterns of group 1 in Figure 1 . Here, the research pattern of a country is represented by the percentage of its articles in each of the 16 knowledge domains. In Figure 1 , the five countries of group 1 have very similar research patterns, except New Zealand, which has a significantly higher percentage of Agriculture and Environmental Science articles. To provide more comprehensive information, in this section, we discuss additional figures and tables that are included in the supplementary materials. In Figure S1 , the research patterns of the six countries of group 5 are also very similar, clearly focusing more on Chemistry, Engineering, and Physics than group 1. However, China and India have a higher percentage of articles in Chemistry and Physics and a lower percentage of articles in Medicine. In Figure S2 , we compare the PSP of five emerging economies, BRICS. Clearly, China and India share similar PSP and belong to the same group (group 5). On the other hand, Russia (in group 11) has a very distinct PSP, which peaks highly in Physics. Both Brazil (in group 9) and South Africa (in group 2) focus on Life Science and Medicine. In general, our results are consistent with the findings of a previous study that used a country profile index for evaluating the scientific activity of a country (Schulz & Manganote, 2012) . However, our approach is more systematic and provides a more comprehensive view of world scientific activities.
In general, our result shows evidence of correlation between the clustering of countries into scientific knowledge production groups and the geographic location of these countries, and is consistent with our hypothesis that geographic location is one key factor for the observed PSP. In a group of geographically proximal countries, their scientists typically have similar cultural backgrounds, share similar interests and strengths, and are able to interact more frequently. A recent study shows that the scientific interaction between cities is inversely proportional to the square of their distance (Pan et al., 2012) . The importance of geographic proximity for scientific publications can clearly be seen from an overview of spatial scientometrics (Frenken, Hardeman, & Hoekman, 2009) . To demonstrate the importance of the geographic factor for the clustering of knowledge production countries, we colored the world map according to the MSC results, as shown in Figure 2 , with the countries in the same group sharing the same color. In general, countries with the same color are in proximity to each other. As listed in Table 4 , approximately 60 ∼ 100% of countries within a group are also geographic neighbors. The average intragroup similarity in the PSP of each group ranges from 0.48 to 0.73. For comparison, the average similarity of the entire network is 0.34. Here, the percentage of geographic neighbors within a group is defined as the maximal fraction of group members in the same geographic region, and the average intragroup similarity in the PSP of a 
FIG. 2.
World map for the clustering of the knowledge production network in science. Countries in the same knowledge production group share the same color. Yellow denotes group 1, green-yellow denotes group 2, green denotes group 3, cyan denotes group 4, brown denotes group 5, gray denotes group 6, pink denotes group 7, purple denotes group 8, red denotes group 9, orange denotes group 10, blue denotes group 11, and beige denotes group 12. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary. com.] group is defined as the average of sij for all country pairs in the group. Using group 1 as an example, four of its five group members are located in the British Isles, and thus its percentage of geographic neighbors is 80%. Among the identified knowledge production groups, groups 1 (the British group), 5 (the Asia group), and 11 (the former Soviet Union group) have the highest average intracluster similarities. This geographic effect also applies to the similarity between knowledge production groups. As shown in Table S3 , the similarity values between neighboring groups, colored in red, are generally larger than those between nonneighboring groups.
In addition to geography, ethnicity may be another factor that affects the PSP of a country (Kerr, 2008) . Scientists in the same ethnic group typically share common ancestral, social, or cultural experiences. Often, ethnicity and geographic proximity are closely correlated. However, colonization, particularly that of sparsely populated continents, breaks the tie between ethnicity and geographic proximity. For example, following the voyages of Christopher Columbus, Spain and Portugal colonized Latin America for almost 400 years. Large portions of the indigenous population were wiped out by epidemics of diseases brought by Europeans, such as smallpox and measles. Currently, a high percentage of Latin American populations have European heritage (97% in Argentina and 95% in Chile). Our hypothesis that ethnicity is a key factor for the observed PSP is supported by the high average similarity of Latin American countries to Spain (0.55) and to Portugal (0.53). The average similarity of Latin American countries to other European countries of group 4 is 0.50 for France, 0.49 for Germany, 0.47 for Switzerland, 0.50 for Italy, 0.43 for Austria, 0.44 for Greece, 0.47 for Slovenia, and 0.44 for Ireland. Figure S3 shows high similarity in the research patterns of Spain, Portugal, and five countries in Latin America. Similarly, Dutch explorers first discovered Australia in 1606, whereas New Zealand was a former British colony. According to the 2011 census of Australia and 2006 census of New Zealand, 68.1% of Australians and 67.6% of New Zealanders have Western European ancestry. These historical links connect these two Pacific countries with their European counterparts. It is not surprising to find that the 10 countries that are most similar to New Zealand in terms of research patterns contain nine Western and Northern European countries as well as Australia (similarity ranges from 0.47 to 0.55). For Australia, the five countries having the highest similarity are the Netherlands, Belgium, United States, England, and Scotland. However, geographic proximity is not important in comparing the research patterns of Australia and New Zealand with those of their closest neighbors, including Indonesia, Malaysia, and the Philippines. Despite their history of European colonization, only very small percentages of the populations in these three countries have European ancestry. Furthermore, these countries are separated by stretches of ocean that serve as a barrier to interactions. The average similarity of these Indo-Pacific countries in terms of PSP is 0.29 to New Zealand and 0.24 to Australia, both smaller than the world average similarity of 0.34.
Economic status might also affect the PSP of a country because its R&D investment will influence its specializations in scientific research. A previous study demonstrated a strong relationship between scientific publications and gross domestic product (GDP) per capita (King, 2004) . Nepal, in group 2, is far away from most of the African countries that constitute the remainder of this group in both geography and ethnic composition. However, its PSP has the highest similarity (0.76) to that of Tanzania. For the countries that are highly similar to Nepal in PSP, 8 out of 10 are African countries, with the similarity ranging from 0.63 to 0.76. However, the PSP similarities between Nepal and its closest neighbors, China and India, are 0.10 and 0.19, respectively. According to the World Bank, the average GDP, GDP per capita, and corresponding growth rates of China (India) between 1994 and 2011 are USD $2,443 ± 1,996 ($803 ± 484) billion, USD $1,884 ± 1,470 ($715 ± 374), 10.07 ± 1.81% (7.04 ± 2.19%), and 9.30 ± 1.83% (5.37 ± 2.23%), respectively. For Nepal in the same period, its average GDP, GDP per capita, and corresponding growth rates are USD $8 ± 4 billion, USD $329 ± 145, 4.34 ± 1.67%, and 2.47 ± 1.60%, respectively. For Tanzania in this period, the average values of GDP, GDP per capita, and corresponding growth rates are USD $13 ± 6 billion, USD $346 ± 114, 5.69 ± 1.75%, and 2.83 ± 1.73%, respectively. The economic conditions of Nepal and Tanzania are more similar than those of Nepal and China, which is an important factor in the similarity between their PSP. For the 10 African countries that are most similar to Nepal in PSP, their average GDP, GDP per capita, and corresponding growth rates during 1994-2011 are USD $11 billion, USD $485, 4.25%, and 1.74%, respectively. Figure 3 shows a strong anticorrelation (the Pearson's correlation coefficient is −0.95) between the similarity in PSP and the dissimilarity in GDP per capita for Nepal and 31 other countries. Here, the dissimilarity in GDP per capita is defined as ln(rGDP), where rGDP is the ratio of GDP per capita of these countries to that of Nepal. The 31 countries, including Western/ Northern European countries (with high GDP per capita) and African countries (with low GDP per capita), are on average 7,000 kilometers away from Nepal (distances between capitals), and their ethnic compositions differ greatly from that of Nepal. Figure S4 shows a high similarity in the research patterns of Nepal and nine African countries. Economic data support our assumption that, to some extent, the economic condition of a country influences its PSP. The economic factor can also be used to understand the MSC results for the three former Yugoslavian republics, that is, Slovenia, Croatia, and Serbia. Compared to Croatia and Serbia, Slovenia has a substantially higher average GDP per capita between 1994 and 2011; the average GDP per capita is USD $15,758 for Slovenia, USD $8,551 for Croatia, and USD $3,542 for Serbia. Therefore, it is reasonable that Slovenia is in group 4 (USD $27,655 in average GDP per capita), while Croatia and Serbia are in group 8 (USD $4769 in average GDP per capita). On the other hand, the difference in the GDP per capita is not as large for England, Scotland, Wales, and Northern Ireland (USD $31,890, USD $30,800, USD $23,154, and USD $24,642 in year 2009, respectively). All four of these countries are in the same group.
In Figure 4 , we delineate the structure of the scientific knowledge production network using a modified minimum spanning tree diagram. This tree diagram was constructed to incorporate the partial geographic information of the 100 listed countries, and thus the position of the countries in Figure 4 resembles their position in the world map of Figure 2 . Most countries were labeled by two-letter codes supplied by the International Organization for Standardization, whereas England, Scotland, Wales, and North Ireland were labeled by three-letter codes, as described in Table S2 .
Countries in the same knowledge production group are enclosed in a dashed circle. The tree diagram was then divided into 12 MSC groups, which were connected by intergroup links (dashed lines). Nodes associated with an intergroup link were defined as bridging nodes. In our network diagram, two types of nodes are particularly important. Hubs (denoted by bolded codes) are the central and most important nodes of the group, and their PSP can be used to represent that of the group. Bridging nodes (denoted by italicized codes) are the gateways between groups, and the links between two neighboring groups can be analyzed. Bolded and italicized codes are used to represent countries that are both a hub and a bridging node. In this modified minimum spanning tree diagram, group 4 is the hub of the scientific knowledge production network and is connected to groups 1, 6, 8, 9, and 10. Groups 2 and 3 are situated far away from the other groups. Therefore, the PSP of group 4 is the most common in the world (average intergroup similarity is 0.42), while the patterns of groups 2 and 3 are the least common (average intergroup similarities are 0.20 and 0.25, respectively). The gateways to group 4 are Ireland from the British group (group 1), France from the Benelux group (group 6), Germany from the Eastern Europe group (group 8), Slovenia from the Central Asia group (group 10), and Spain from the Latin America group (group 9). All the bridging countries listed appear to link to the connected group geographically or ethnically.
In the scientific knowledge production network, the hub of group 4 is Germany, the hub of the British group (group 1) is Scotland, the hub of the Nordic countries (group 7) is Sweden, the hub of the Eastern European countries (group 8) is Poland, the hub of the post-Soviet countries (group 11) is Ukraine, the hub of the Asia group (group 5) is South Korea, the hub of the Middle East group (group 12) is Saudi Arabia, the hub of the Central Asia group (group 10) is the Republic of Georgia, the hub of the Latin America group (group 9) is Brazil, the hub of the Southeast Asia group (group 3) is Indonesia, and the hub of the Africa group (group 2) is Tanzania. The geographic location of these countries appears to be the dominant factor for their role as a hub or a gateway. The average GDP per capita of each group is also shown in Figure 4 to illustrate the economic effect on the PSP similarity between knowledge production groups. For instance, the PSPs of groups 2 and 3 are very similar to each other (intergroup similarity is 0.56) but highly distinct from those of the other groups (average intergroup similarities are 0.17 and 0.22, respectively). It can be seen that, in general, Figure 4 is consistent with the data in Table S3 .
It is beneficial for governments to evaluate their science policies by comparing the strengths and weaknesses in the development of their various knowledge domains with other countries. Figure 5 illustrates the degree of specialization of the 12 knowledge production groups in the 16 knowledge domains from 1994 to 2011. The radius in Figure 5 indicates the SI value of a knowledge production group in a specific knowledge domain. From the definition of SI in Equation (4) it is clear that specialization is a zero-sum game; the more one group specializes in something, the less it does in something else. The SI also reflects a group's relative focus on a knowledge domain compared with that of the world.
Therefore, given that group 4 produces approximately 60% of the world's publications, it is not surprising that group 4 has a consistent SI value for every knowledge domain in Figure 5 (A). However, group 4 has a slightly higher SI value in Psychology (1.23), and a slightly lower SI value in Materials Science (0.75). The SI pattern of group 1 is very similar to that of group 4, and their pattern similarity (defined as the cosine measure) is 0.98. Moreover, the SI pattern of group 2 is different (pattern similarity is 0.80) from that of group 4, but is similar (pattern similarity is 0.95) to that of group 3. Countries in group 2 specialize in Agriculture, Environmental Science, and Life Science.
In Figure 5 (B), we compare the SI patterns of groups 5-8. The Asia group (group 5) and the Eastern Europe group (group 8) have very similar SI patterns (similarity is 0.97), specializing in Physics, Chemistry, Engineering, and Materials Science. Knowledge production in these four domains is critical for their industrialization and export-oriented economies. Similarly, the Nordic group (group 6) and the Benelux group (group 7) also have a high SI pattern similarity at 0.95, with specialization in Environmental Science, Genetics, Health Science, and Medicine. These countries typically have high GDP per capita and thus focus more on environmental and health issues.
The SI patterns of groups 9-12 are shown on the radar diagram in Figure 5 (C). Groups 10 and 11, as constituents of the former Soviet Union, share a similar SI pattern with a similarity of 0.92. Both groups are highly specialized in Physics. However, group 11 has a much smaller SI value (SI = 0.12) in Computer Science than group 10 (SI = 1.15). Group 9 contains countries located in Latin America, with specializations in Agriculture, Environmental Science, and Life Science. Finally, the Middle Eastern countries in group 12 are most specialized in Engineering (SI = 1.85) and least specialized in Psychology (SI = 0.18).
The positional analysis graph in Figure 6 shows the relative impact and specialization of the 12 knowledge production groups in the 16 knowledge domains. Their percentage of publications in the 16 knowledge domains is shown in the inset of Figure 6 . As shown in the inset, group 4 contributes approximately 50-80% of global publications to each knowledge domain. Therefore, the relative impact of group 4 is approximately unity in each knowledge domain. A value of relative impact greater than unity indicates that the performance is above the world average, whereas a value of relative impact less than unity means the opposite.
Here, we evaluated the overall performance of the 12 groups in scientific publications by their average relative FIG. 4 . Minimum spanning tree diagram of the scientific knowledge production network consisting of 100 countries. Each country is represented by a circle and labeled by a two-or three-letter abbreviation as described in Table S2 . The line length between two countries is roughly proportional to their pattern distance. Countries in the same group are enclosed by a dashed circle. Intragroup connections are represented by solid lines, and intergroup connections are represented by dashed lines. GDP per capita of each group is in USD$. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.] impact value. Groups 1, 4, and 6 have excellent performance with an average value greater than unity; groups 2 and 7 perform well with an average value slightly less than unity; groups 11, 8, 5, 10, and 9 have an average value slightly less than 0.9; and groups 12 and 3 have an average value less than 0.8, implying unsatisfactory performance in the overall quality of their research. We also assessed the performance of the 12 groups in each individual knowledge domain and identified the groups with the highest relative impact in a particular domain. These groups are group 1 in Agriculture, Computer Science, Environmental Science, Genetics, Health Science, and Neuroscience; group 2 in Biomedical Science, Medicine, and Psychology; group 4 in Chemistry, Geoscience, Life Science, Mathematics, and Physics; group 10 in Engineering; and group 6 in Materials Science. In general, groups 1 and 4 performed very well in most of the 16 knowledge domains, considering the volume of publications and relative impact of these two groups. Group 2 has the highest value of relative impact in Biomedical Science (D2), Medicine (D13), and Psychology (D16). This group mainly consists of African countries, with South Africa being a major contributor. For example, 0.5% of articles in the highly cited psychology journal Behavioral and Brain Science were published by South Africa, yielding the highest value (1.60) of relative impact in Psychology for group 2. For the performances of group 2 in Biomedical Science and Medicine, South Africa still plays a major, but not dominant, role. The publications of group 2 countries in highly cited Biomedical or Medicine journals are mostly through collaborations led by countries in groups 1 and 4.
Aside from relative impact, the SI and publication volumes are also important in evaluating the performance of a given knowledge production group. The inset of Figure 6 shows that countries in group 5 published a large volume of articles from 1994 to 2011. In Materials Science, 34% of publications were contributed by group 5, with a relative impact in this knowledge domain of 1.01. Furthermore, the percentage of publications and relative impact of group 5 are (27%, 0.95) in Engineering and (26%, 0.91) in Chemistry. The publication volume of groups 6 and 7 is approximately equal to that of group 1, and their relative impact value is only slightly less than that of group 1 in most knowledge domains. In particular, groups 6 and 7 performed well in Environmental Science and Health Science. The percentage of publications and relative impact of groups 6 and 7, respectively, are (7%, 1.01) and (6%, 1.04) in Environmental Science and (7%, 1.01) and (8%, 0.97) in Health Science. The Eastern Europe group (group 8) and the Latin America group (group 9) specialized in Engineering, with SI and relative impact values of (1.21, 1.09) and (1.19, 1.03), respectively. The two groups (groups 10 and 11) comprising the former Soviet Union have performed notably well in Physics, with SI and relative impact values of (3.64, 0.99) for group 10 and (3.66, 0.85) for group 11. In addition, group 10 performs well in Engineering, with SI and relative impact values of (1.23, 1.14) in this field. For group 3, the SI and relative impact values in Environmental Science are (1.49, 0.98). Finally, group 12 (the Middle East group) performs well in Engineering, with SI and relative impact values of (1.85, 0.90).
Conclusions
In this study, we have successfully integrated MSC and the minimum spanning tree method to investigate the PSP and performance of 100 countries based on their publications in 1,905 SCI journals from 1994 to 2011. We verified our hypothesis that the clustering of these 100 countries into 12 knowledge production groups can be understood by their geographic location, ethnicity, and GDP per capita. This integrated approach allows us to view the general structure of the knowledge production network and shows evidence of correlation between the PSP of a country and its geographic location. Economic and census data have been statistically analyzed to explain the important role of ethnicity and GDP per capita in the grouping of countries. The performance of Additional work could be undertaken to better understand the evolution in the clustering of PSP over time and the change of clustering results by varying the data sets. It is of our particular interest to further investigate the pattern of international collaboration within a knowledge production group or across groups. Such studies could provide a panoramic view of global scientific activities and assist countries in examining their scientific publication performance to adjust their policies and allocation of resources for future scientific development and economic growth.
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